Abstract Remote sensing is an effective technology for monitoring water resources. However, many methods in remote sensing imagery used to identify open bodies of water have often been shown to produce varying water body classification results for the same bodies of water. Therefore, it is necessary to have measures to assess these methods. In this study, we used datasets collected in the field to assess methods for identifying open water bodies using images from the Landsat 8 Operational Land Imager. From this, we clarified the difference in the performance between the use of spectral reflectance images and that of digital number (DN) value images for the classification of water bodies. The results showed that the normalized difference water index (NDWI), calculated using green and near-infrared bands (NDWI Green/NIR ) with reflectance, captured correct control points with an accuracy of greater than 95 % and was therefore the superior method. The result of a comparison in performance in terms of the NDWI between reflectance images and DN value images was consistent with their initial definitions. The NDWI indices calculated by the initial definitions yielded more reasonable results in the classification of water bodies. The optimized threshold, calibrated and validated by 737 field control points, generated water classification results with a higher confidence in this study. We think that it might be better to set the optimized threshold of NDWI Green/NIR to -0.05 instead of the value of zero used in many studies. However, more optimized thresholds for other regions need to be calibrated and confirmed if data are available. Our results indicated that NDWI methods are more suitable for water body classification than single-band methods when the frequency histogram method is used.
Introduction
Water is a necessary resource that forms the basis of all life. Accurate monitoring and assessment of water resources are necessary for sustained water resource management. Remote sensing technology is considered a time-and cost-effective approach for monitoring large-scale water resources (Okin et al. 2001) .
Several methods can be used to identify open water bodies from remote sensing data. Open water bodies can be identified from images based on land cover classification methods, such as maximum likelihood classification (Paola and Schowengerdt 1995) , decision tree classification, support vector machine classification, artificial neural network classification (Hepner et al. 1990) , and others. However, because the spectral reflectance of water is considerably lower than those of other land surface materials (Smith 2012a, b) , it is easier to identify bodies of water than other land cover types in remote sensing images. Therefore, water body extraction methods usually apply image segmentation algorithms (threshold selection) using a single spectral band or the Normalized Difference Water Index (NDWI) calculated from multiple bands. In other words, images can be classified as water or non-water by identifying a threshold value.
Several studies have used threshold selection in a single band from Landsat Thematic Mapper (TM) imagery. TM bands 4, 5, and 7 are typically used because they are absorbed to a greater extent by water and are reflected more strongly by vegetation and bare soil, than other bands. Frazier and Page (2000) evaluated water boundary mapping using different TM bands. They pointed out that Landsat TM data can be used to accurately map water bodies. They found that TM band 5 exhibited the best performance, whereas bands 4 and 7 yielded lower accuracy. Braud and Feng (1998) also found that thresholding by using TM band 5 was the most reliable method for identifying water bodies. Manavalan et al. (1993) successfully identified open water bodies by applying density slicing to TM band 4. Moller-Jensen (1990) identified water pixels from TM bands 4 and 5 by image threshold segmentation.
NDWI uses multispectral bands to enhance water features and eliminate noise components and has been widely applied to identify water bodies in various regions. The method mainly comprises three NDWIs-NDWI Green/NIR (McFeeters 1996) , NDWI NIR/MIR (Gao 1996) , and NDWIGreen/MIR (Xu 2006 
)-that are calculated by [(Green -NIR)/(Green ? NIR)], [(NIR -MIR)/(NIR ? MIR)], and [(Green -MIR)/(Green ? MIR)], respectively. NDWI-
Green/MIR is identical to the Normalized Difference Snow Index (NDSI) (Dozier 1984) , which has been widely applied to distinguish snow from other land cover (Dozier 1989) . NDWI Green/NIR and NDWI NIR/MIR used images with spectral reflectance to identify water features when they were initially developed, whereas NDWI Green/MIR used images with digital number (DN) values.
Many studies successfully have applied NDWI Green/MIR to identify open water bodies while using images with spectral reflectance (e.g., Campos et al. 2012; Lu et al. 2013; Ma et al. 2007; Sun et al. 2012; Li et al. 2013) . NDWI Green/NIR and NDWI Green/MIR were initially developed to identify open water bodies, whereas NDWI NIR/MIR was developed to identify vegetation waters (Leauthaud et al. 2013) . Moreover, some studies achieved satisfactory results by applying NDWI NIR/MIR to identify open water bodies (Campos et al. 2012; Ma et al. 2007; de Alwis et al. 2007; and others) .
Threshold selection is a key step in identifying water bodies from single-band or NDWI images. McFeeters (1996) and Xu (2006) suggested that the threshold of NDWI Green/NIR and NDWI NIR/MIR can be set to zero. This can lead to overestimating or underestimating water area when using an arbitrary, empirically selected threshold because threshold values vary with region or image phase.
Threshold adjustment in certain situations can yield a more accurate delineation of water bodies (Ji et al. 2009 ). Frequency histograms have been used for threshold selection to extract water bodies from images (Li and Sheng 2012; Ryu et al. 2002; Lacaux et al. 2007 ). The ideal histogram has a bimodal distribution where the two peaks represent the water peak and the non-water peak. Li et al. (2013) also used the maximum inter-class variance method (the Otsu method) to determine the NDWI threshold. However, it remains necessary to evaluate different methods with appropriate thresholds to determine the best one. Ji et al. (2009) suggested that data from actual situations are appropriate for such an evaluation.
In general, it is necessary to use field data to assess methods for identifying water bodies from remote sensing imagery. Some studies have suggested that a careful hand digitization method produces the highest accuracy in delineating water bodies (glaciers) from satellite imagery (Bishop et al. 2004; Raup et al. 2007 ). However, it is difficult to identify the boundaries of water bodies with the naked eye because water boundary pixels and adjoining non-water pixels usually possess similar colors in satellite imagery. Therefore, in this study, we used field data to evaluate the performance of different methods in identifying water bodies through remote sensing imagery.
As mentioned above, some studies to identify water bodies have used the DN value of images to calculate NDWIs, whereas others have used the reflectance of images. To determine whether the NDWI should be calculated using DN values or the reflectance of images, the performance of DN value-induced NDWIs and reflectance-induced NDWIs should be assessed.
Therefore, we evaluated NDWIs calculated by both the DN value and reflectance in this study. The Landsat 8 satellite, which includes the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS), was launched in February 2013. Although the satellite can provide more options for images when applying remote sensing imagery in related studies, there has been scant evaluation of methods for identifying water bodies from Landsat 8 OLI images.
The objective of this study is to evaluate methods for identifying open water bodies from Landsat 8 OLI imagery. We used randomly assigned field datasets to calibrate the optimal threshold for each image, including single bands with the DN value and spectral reflectance, and calculated the NDWIs of images. The optimized thresholds were then used to identify water bodies from each image. The performances of different methods were calibrated and tested using the randomly assigned field datasets, which included 100 independent datasets. Furthermore, the difference in pixel values between pure water and the pure soil adjoining water bodies was analyzed to test these classification methods. The performance of the frequency histogram method in the classification of water bodies was also evaluated by field datasets. Finally, we discuss threshold calibration, the difference in performance between reflectance and DN value images, and the assessment of methods for identifying water bodies from remote sensing imagery.
Materials and methods

Study area
Four lakes (Fig. 1) in the northern Tibetan plateau (also called Qiangtang), China, were selected for this study. Qiangtang is a vast highland area with many large lakes (most of China's lakes are located in this region). The area contains 786 natural lakes with areas of greater than 1 km 2 (Dong et al. 2010) . Because of extreme environmental conditions (high altitude, remoteness, and challenging climate), it is very difficult to travel in this scientifically important region. All four lakes chosen for our study are at an altitude of over 4880 m, with a mean altitude of 5051 m. The water quality and areas of the four lakes are shown in Table 1 .
Dataset
Field data
A total of 737 ground control points (GCP) for the boundaries of the four lakes were collected on October 24, 2013, and the satellite data were acquired on the same day.
The coordinates of the control points were collected using a Magellan Triton 400 handheld global positioning system (GPS) device. Its built-in signal augmentation reception provided an accuracy of within three meters.
Remote sensing data
Landsat 8 OLI imagery data were used in this study. The OLI sensor provides improved signal-to-noise (SN) radiometric performance quantized over a 12-bit dynamic range. This translates into 4096 potential gray levels in an image, compared with only 256 gray levels produced by eight-bit instruments. Improved SN performance enables better characterization of the state and conditions of the land cover. The Landsat 8 OLI image data consist of nine spectral bands, with a spatial resolution of 30 m for bands 1-7 and band 9. The resolution of band 8 (panchromatic) is 15 m (The details of Landsat 8 products can be found at http://landsat7.usgs.gov/landsat8.php). The multispectral imagery of Landsat 8 OLI was obtained from http://glovis. usgs.gov/. An image (Path 142 and Row 036) on October 24, 2013, was acquired over the four lakes. Multispectral imagery, including bands 1-7 and band 9, was used in this study.
The correction and calibration of images to achieve a satisfactory representation of the Earth's surface is a fundamental consideration for all applications (Eastman 2001) . The raw pixel values of images (known as digital numbers, or DN) were converted to true measures of reflective power (spectral radiance). The radiance image data items were then atmospherically corrected to obtain the spectral reflectance image. Details of this processing can be found in the Landsat 8 Science Data Users' Handbook (http://landsat7.usgs.gov/Landsat8_Using_Product. php). Finally, both reflectance and DN value images were used in our application.
Methods Water body extraction methods
The three NDWIs used in this study (NDWI Green/NIR , NDWI Green/MIR , and NDWI NIR/MIR ) were calculated from the multispectral imagery of Landsat 8 OLI. ''Green,'' ''NIR'' (near-infrared), and ''MIR'' (mid-infrared) identify Landsat 8 OLI bands 3, 5, and 6, respectively. Thus, NDWI Green/NIR , NDWI Green/MIR , and NDWI NIR/MIR were referred to as NDWI35, NDWI36, and NDWI56, respectively. It needs to be noted that the wavelength of these three bands for Landsat 8 was in the ranges of the corresponding bands for Landsat 7 but with slight differences. The NDWIs of Landsat 8 OLI were calculated as follows: 
The NDWIs were calculated from the DN and the spectral reflectance imagery, respectively. Moreover, the single-band method was used to identify the water bodies. Landsat 8 OLI bands 1-7 and 9 were included in this study, which included both DN and spectral reflectance imagery.
Evaluation of methods
The GCPs were used to identify optimized thresholds to distinguish water bodies in remote sensing imagery. Spectral knowledge is the most important factor in extracting information using remote sensing imagery. As mentioned above, it is relatively easy to distinguish water bodies from other types of land cover based on the threshold selection method because the spectral reflectance of water is much lower than that of other land surface materials (Smith 2012a, b) .
Our evaluation of water body identification methods comprised four steps:
1. The GCPs were randomly assigned, using the Hawths Tools 3.27 (Beyer 2004 ) extension for ArcGIS 9.2, to one of two datasets: 80 % were assigned to the threshold calibration dataset (corresponding to 590 points) and 20 % to the threshold validation dataset (corresponding to 147 points). The process of random assignment was repeated to generate 100 independent datasets. 2. A threshold value for each independent dataset was selected based on the threshold selection method. The constraint function is described by the following equation:
and
where N m is the number of correct GCPs located along the boundary pixels of classified water bodies when a trial threshold is used, GCP i is the ith GCP, n is the number of GCPs used, V GCP is the pixel value of the GCP, V Soil is the pixel value of pure soil, which is adjacent to the GCP, and V Threshold is the threshold value computed from the minimum value of the GCP pixels to their maximum value. Its interval was 0.0001 for NDWI images and single bands with reflectance, and 1 for single bands with DN values. The function V GCP \ V Threshold \ V Soil was applied to identify the threshold value for a single band, including both DN and spectral reflectance imagery. For NDWI images, the function V Soil \ V Threshold \ V GCP was used. The threshold corresponding to the maximum N m was selected as the optimized threshold for each independent data series. Then, the average selected threshold value for the 100 independent datasets was identified as the optimized threshold to distinguish water body pixels from remote sensing imagery. 3. The optimized threshold was used to classify water bodies for each image, including single bands with DN values, single bands with spectral reflectance, and the calculated NDWI images. The constraint function Pixel value B optimized threshold was applied to classify water bodies for single-band images, whereas Pixel value C the optimized threshold was applied to NDWI images. 4. Each dataset of threshold calibration points and threshold validation points was intersected with classified water body maps to verify the GCPs, which were correctly classified by each method. Both mean and standard deviation values for the 100 independent datasets were calculated. Finally, the performance of methods for identifying open water bodies from Landsat 8 OLI imagery was evaluated.
The optimized threshold estimation procedure and water body classification are shown in Fig. 2 .
Results
Calibration of the optimized threshold
Randomly assigned GCP datasets were used to calibrate the optimized threshold for each image, including single bands with DN values and spectral reflectance, and the calculated NDWI images. A different optimized threshold was calibrated for each independent dataset using the threshold selection method described above.
The optimized thresholds of the independent datasets for each method, including the mean and the standard deviation, are shown in Fig. 3 . The figure shows that the optimized threshold of NDWI35 was approximately -0.05 and -0.06 for reflectance images and DN value images, respectively. The standard deviations of the 100 independent datasets for reflectance images and DN value images were 0.0001 and 0.0002, respectively. These values were considerably lower than the mean optimized threshold, which indicated that the optimized threshold calibrated using the GCPs was stable for NDWI35 for both reflectance and DN value images. That is, the selection of randomly assigned GCP calibration datasets had little impact on the identification of the optimized threshold for NDWI35. The mean value of the optimized threshold for NDWI36 was approximately 0.05 and -0.02 for reflectance images and DN value images, respectively. The standard deviation of NDWI36 for DN value images was also much lower than the corresponding mean value. However, this value was comparatively high for the Fig. 2 The procedure of optimized threshold estimation and water body classification NDWI36 reflectance image. This the highest value of standard deviation in the NDWI images at 0.0027. This meant that the selection of GCP calibration datasets might affect the identification of the optimized threshold within the NDWI36 reflectance image. This was due in part to the fact that the NDWI36 was initially developed for DN value images (Xu 2006) . The mean value of the optimized threshold for single bands with reflectance varied from 0.1080 in band 9-0.2312 in band 6. The standard deviation of all single bands with reflectance was much lower than their mean values. This indicates that the optimized threshold was stable for single bands with reflectance. The DN values of the Landsat 8 OLI images varied from 1 to 65,535. The range was larger than that of Landsat Thematic Mapper/ Enhanced Thematic Mapper Plus (TM/ETM?) images, the values of which ranged from 1 to 255.
The mean value of the optimized threshold for DN value images varied from 5935 in band 9-11,269 in band 4. The standard deviation of single bands with DN values was relatively high compared to the corresponding mean value. The standard error of the mean for single bands with DN values was larger than that for single bands with reflectance. This indicates that the optimized threshold was more stable for single bands with reflectance than for those with DN values. The selection of randomly assigned GCP calibration datasets might have had some effect on optimized threshold identification for single bands with DN values.
Performance of methods on calibration and validation datasets
The optimized threshold was used to classify water bodies for each image. Each dataset of the threshold calibration and threshold validation points intersected with the classified water body maps to verify the correct GCPs. The calibration and validation methods were then evaluated for each of the 100 independent datasets.
The performance of the methods for GCP calibration is shown in Fig. 4 . In general, almost all methods captured more than 60 % of the GCPs in identifying water bodies in remote sensing images, except for the single band 2 with DN values. The NDWI35 image with reflectance yielded the best performance of the methods tested, with a mean value of correct identification of GCPs greater than 95 %. It also showed the most stable performance for the NDWI35 reflectance image in the calibration because both the range and the standard deviation that it obtained for the 100 independent datasets were the lowest of the methods. Moreover, it exhibited better performance for the NDWI35 image with DN values, and the single band 6 with reflectance and DN values, which means that the values for more than 90 % of the GCPs were correct in the calibration.
The effects of selecting randomly assigned GCP calibration datasets on the performance for the NDWIs methods, which were in the lower range and standard deviation for the 100 independent datasets, were less pronounced than those for the other methods that were tested. The performance of the NDWI35 was slightly better for the reflectance image than the DN value image, whereas the performance of the NDWI36 was slightly better for the DN value image than the reflectance image. This result was consistent with initial definitions where the NDWI35 was first developed for images with reflectance, whereas the NDWI36 was first defined by images with DN values. The NDWI56 image with reflectance recorded nearly 90 % correct GCPs in the calibration, but with DN values that only captured approximately 65 % correct GCPs. The result was also consistent with its initial definition, whereby the NDWI56 was developed for images with reflectance.
The single-band method in general showed little difference between the reflectance value image and the DN value image. The performance of methods that used band 6 and band 7 was clearly better than that of other single-band methods. The single-band method also showed relatively satisfactory performance for band 5 and band 9. However, the single-band method for bands 1-3 in calibration captured fewer than 70 % of the correct GCPs. Figure 5 shows the performance of the methods for randomly assigned GCP validation datasets, which included the 100 independent datasets. Overall, the performance of each method in the validation phase corresponded to its results for the calibration phase. However, the range and the standard deviation of the 100 independent datasets were clearly larger in the validation than in the calibration. The NDWI35 image with reflectance exhibited the best performance in validation as well.
More than 90 % of the correct GCPs for the NDWI35 image in each independent validation dataset were identified, with a mean value greater than 95 %. The range and the standard deviation of the 100 independent datasets for the NDWI35 image were the lowest among the methods in validation, which indicated that the NDWI35 method with reflectance was the most stable method for identifying water bodies from remote sensing images.
The mean DN validation values of correct GCPs were more than 90 % for the NDWI35 image and the singleband 6 with reflectance and DN values. The selection of randomly assigned GCP validation datasets had relatively little effect on the performance of these three methods than on the other methods tested because the former had a lower range and standard deviation for the 100 independent datasets. This indicates that these three methods are superior at identifying water bodies from remote sensing imagery than the other methods that were tested. The performance of the NDWI35 was slightly better for the reflectance image than the DN value image, whereas the performance of the NDWI36 was slightly better for the DN value image than the reflectance image in the validation. This result confirmed its initial definition, whereby the NDWI35 was developed for images with reflectance, Fig. 4 The performance of different methods in calibration datasets of ground control points (''ref'' and ''DN'' describe reflectance and DN values, respectively; ''35, '' ''36, '' and ''56'' describe NDWIs calculated by (Green -NIR)/ (Green ? NIR), (Green -MIR)/ (Green ? MIR), and (NIR -MIR)/(NIR ? MIR), respectively; ''b1'' to ''b9'' represent band 1 to band 9, respectively) whereas the NDWI36 was defined for images with DN values. The mean value of correct GCPs was greater than 90 % for the NDWI56 image with reflectance, but was smaller than 65 % for the image with DN values. This was because the NDWI56 was initially developed for images with reflectance, and not for images with DN values. The single-band method exhibited little difference between the reflectance value image and the DN value image, which was the same as that in the calibration. In general, the single-band method yielded the best performance in band 6 for validation, with a mean value of greater than 90 % of correct GCPs. It exhibited better performance from band 5 to band 9, which captured more than 80 % of the correct GCPs in the validation. However, the single-band method for bands 1-3 captured fewer than 70 % of the correct GCPs in the validation.
The performance of the methods for calibration and validation shows that the NDWI35 image with reflectance was the best method for identifying water bodies from remote sensing imagery. The difference in performance between reflectance and DN values of NDWI images was consistent with their initial definitions. For example, NDWI35, NDWI36, and NDWI56 were initially developed for reflectance, DN value, and reflectance, respectively. The results of calibration and validation in this study showed that the NDWI35 and the NDWI56 performed better with reflectance images than DN value images, whereas NDWI36 was better for DN value images.
The difference between the pixels of pure water and the soil adjoining the GCPs
The mean values and the ratio of pure water pixels to the pixels of soil adjoining the GCPs in each single band, including both reflectance images and DN values images, are shown in Fig. 6 . The mean value of pure water pixels adjacent to GCPs was less than 0.01 from images for reflectance from band 5 to band 9, with the lowest value being 0.0037 for band 9. The mean value of pure water pixels adjacent to GCPs was obviously larger from band 1 to band 4 than that from band 5 to band 9. For the bands from band 1 to band 4, the value was from 0.03 in band 4 to 0.09 for band 3.
The mean value of pixels representing pure soil ranged from 0.16 in band 9 to 0.32 in band 6. The difference between pure water pixels and pure soil pixels was clearly greater in band 5 than in band 9, with the largest difference in band 6, where the ratio of pure water to pure soil was approximately 62:1. This means that the values of the pure soil pixels were as much as 62 times those of the pure water pixels adjacent to the GCPs.
For single-band images with DN values, the result was similar to that for images with reflectance. The mean value of pure water pixels in band 5 to band 9 images was clearly lower than that in images from band 1 to band 4. That of pure soil pixels was greater in band 4 to band 7, but recorded the lowest value in band 9 with a mean value of 6800. The difference between pure water and pure soil pixels was greater in band 4-band 7, with the largest difference in band 6, where the ratio of pure water to pure soil was approximately 3:1. In other words, the difference in the DN values of pure soil and water was greater in band 6 than in any other band.
The largest difference in pixel values occurred between pure water and pure soil in band 6 for both reflectance and DN values images, while it showed a relatively small difference in bands 1-3. This confirmed satisfactory results for the performance of the single-band method in identifying water bodies from images, with the single band 6 method showing the best performance. Descriptions of the difference in pixel reflectance values between pure water pixels and pure soil pixels for the typical band 2 and band 6 are shown in Fig. 7 . The figure shows that the values of pure water pixels, which are adjacent to the GCPs, were less than 0.05 in band 6. The values of pure water pixels were lower than those of pure soil pixels in this band-the largest pure water pixel value (0.050) was lower than the smallest pure soil pixel (0.241)-with an optimized threshold value of 0.2312.
Single-band 2 showed some overlap between pure water and pure soil pixel values. This was similar to other bands, which are not shown. Figure 8 shows the difference in DN values between pure water pixels and pure soil pixels for the typical band 2 and band 6. The results were similar to those of reflectance value images. In general, band 6 is the most suitable for identifying water bodies from single-band images.
Evaluation of the frequency histogram method in the classification of water bodies
As mentioned above, the frequency histogram method, also called the density slicing method (Ryu et al. 2002) , is among the most popular and effective methods for selecting an appropriate threshold when identifying water bodies from remote sensing imagery. The characteristics of the spectral reflectance of water and soils must be understood and considered before applying the frequency histogram method.
In general, the distribution of histograms of the NDWI images was bimodal or trimodal. Two peaks representing water and soil pixels were found in all histograms. The difference between the trough values of these two peaks was chosen as the threshold. However, the distribution of the histograms was unimodal for single-band images, where an appropriate threshold was difficult to identify. The frequency histogram of each NDWI image was used to obtain threshold values to distinguish water bodies from other features of the landscape. These threshold values are shown in Table 2 . The water area in the image is relatively smaller than the non-water areas. Therefore, the part of the image where the lake area accounted for a larger proportion of the entire area was selected to identify thresholds by the frequency histogram method. This part of the NDWI image enhanced water body classification performance using the frequency histogram method because the thresholds identified in this part were invariably closer to the optimized thresholds calibrated by GCPs (Fig. 3) than those identified for the entire image. This implies that the extraction of a part of the NDWI image, where the area occupied by the water body accounts for a large proportion of the entire area, is necessary for accurate water body classification when the frequency histogram method is used. With regard to different NDWI indices, the threshold identified by the frequency histogram method was closest to the optimized thresholds in the NDWI35 images.
Water bodies were identified from NDWI images based on thresholds selected by the frequency histogram method. The performance of these classifications was evaluated by GCPs, and the results are shown in Fig. 9 . In general, the water body classification performance using part of an NDWI image was superior to that using the entire corresponding image. This also explains the necessity of extracting an appropriate part of the NDWI image for water body classification when the frequency histogram method is used. For part of the image, the frequency histogram Fig. 8 Pixel DN values of pure water and pure soil adjacent to ground control points in band 2 and band 6 Fig. 9 The performance of the frequency histogram method on ground control points (''ref'' and ''DN'' describe reflectance and DN values respectively; ''35, '' ''36, '' and ''56'' 
Discussion Threshold calibration
For NDWI methods, Gao (1996) suggested that the NDWI56 value for vegetation water was positive, whereas that for bare soils was negative. This threshold of zero has been applied by Ma et al. (2007) to identify lake areas. However, it was evaluated as -0.1 by field control points in detecting water in the Sahara-Sahel transition zone (Campos et al. 2012) . That result has been confirmed in this study. The optimized threshold, calibrated and validated by 737 GCPs, was -0.1525 ± 0.0023 in our study area. The threshold for the NDWI35 and the NDWI36 was initially proposed to be zero (McFeeters 1996; Xu 2006) . However, as mentioned above, threshold adjustment can effect a more accurate delineation of water bodies in specific situations (Ji et al. 2009 ). Alterable thresholds have been employed in the past to glean information regarding water bodies in different regions based on the maximum interclass variance method, the frequency histogram method, and the field control points' calibration method. The first two methods are image threshold segmentation methods. Table 2 lists examples of thresholds identified in different regions when detecting water areas from Landsat TM/ ETM? images with reflectance values. Image threshold segmentation methods are useful for identifying water bodies from remote sensing images when field data are lacking, but field datasets are needed to confirm their classifications. Therefore, field control point calibration methods provide more accurate water classification results they can be confirmed. These results showed that the optimized threshold was -0.05 at both the Sahara-Sahel transition zone (Campos et al. 2012 ) and the northern Tibetan plateau in this study.
In general, the distribution of the histograms is bimodal or trimodal for NDWI images of areas with large water bodies. The histogram method identified a threshold between the two peaks of water and non-water pixels. However, the distribution of the histograms was always unimodal for single-band images. It is difficult to identify an appropriate threshold from a histogram with a unimodal distribution. Therefore, the NDWI methods were more suitable for water body classification than single-band methods when the frequency histogram method was used.
Performance differences between reflectance and DN value images Spectral reflectance images are recommended for quantitative remote sensing of land surfaces (Liang 2003) . DN value images should be converted into physical quantities to estimate land surface variables. However, DN value images show some ability for identifying water bodies from NDWI images calculated from DN values, especially for the NDWI35 and the NDWI 36 indices. This is possibly because DN value images are strongly correlated with spectral reflectance. The range (1-65,555) of DN values in Landsat 8 imagery was much larger than that in previous versions of imagery , which might also account for the ability of this method to identify water bodies.
The performance of NDWI images for reflectance and DN values was consistent with their initial definitions: the NDWI35, and NDWI56 and NDWI36 were initially developed for reflectance and DN values, respectively. The results of calibration and validation in this study showed that the performance of the NDWI35 and the NDWI56 was better for reflectance images than DN value images, and that of the NDWI36 was better for DN value images. Therefore, we conclude that the NDWI indices calculated by their initial definitions can produce more reasonable results in the classification of water bodies.
Assessment of water body classification by different methods
Different methods were calibrated and validated by randomly assigned GCP datasets, which included 100 independent datasets. Results showed that the NDWI35 image with reflectance was the best method for identifying water bodies in remote sensing images and captured more than 95 % correct GCPs. Threshold calibration based on field datasets showed that the optimized threshold was -0.05 at both the Sahara-Sahel transition zone (Campos et al. 2012) and the northern Tibetan plateau. We believe the optimized threshold of the NDWI35 should be set to -0.05 instead of zero, which was used in many studies.
However, more optimized thresholds in other typical regions need to be calibrated and validated as well. Further, three other methods-NDWI35 images with DN values, single-band 6 with reflectance, and with DN valuesyielded relatively satisfactory performance in our experiment, which means that they captured more than 90 % correct GCPs. The selection of randomly assigned GCP datasets had relatively little effect on the performance of these four methods than on other methods because the former had lower range and lower standard deviation values for the 100 independent datasets. The performance of the NDWI56 was generally poorer than that of the NDWI35 and the NDWI36, especially for indices calculated from DN values. This could have been the case because the NDWI35 and the NDWI36 were initially developed for identifying open water bodies, whereas the NDWI56 was developed for vegetation water. This indicates that the NDWI35 and the NDWI36 were the preferred NDWI indices when detecting open water bodies from remote sensing imagery.
Conclusions
In this paper, we used 737 GCPs to evaluate methods for identifying open water bodies from Landsat 8 OLI imagery. Our conclusions are as follows.
The NDWI35 image with reflectance was the best method for identifying water bodies in remote sensing images, capturing over 95 % correct GCPs in the studied region. When the frequency histogram method was used, the NDWI methods were more suitable for water body classification than single-band methods. The NDWI35 exhibited the best performance. Therefore, we recommend the NDWI35 for the classification of water bodies when the frequency histogram method is used.
The NDWI indices calculated by their initial definitions can produce more reasonable results in the classification of water bodies. The NDWI35 and the NDWI56 performed better for reflectance images than DN value images, whereas the NDWI36 yielded better results for DN value images.
The optimized threshold of the NDWI35 might be better set to -0.05 instead of 0, which is used in many studies. At the same time, more optimized thresholds in other typical regions need to be calibrated and validated if data are available.
